ABSTRACT. This study was conducted to develop fundamental relationships between soil properties from three representative
test-based nutrient management (either through fertilizer or manure), will potentially minimize unnecessary P applications and thereby prevent pollution caused by buildup of P in the soils.
One practical technique to assess plant and soil nutrient status is near-infrared (NIR) spectroscopy, due to its conceivable use for rapid and non-destructive determination of the concentration of certain constituents in a sample and its significant labor and cost savings. NIR spectroscopy has been extensively used for many agricultural applications such as water and nutrient stress sensing for agricultural crops (Thomas and Oerther, 1972; Stafford et al., 1989a Stafford et al., , 1989b Blackmer et al., 1994; Masoni et al., 1996; Sudduth and Hummel, 1996; Bausch et al., 1998) , and weed detection (Wang et al., 2000) .
There were several attempts to assess soil properties among these studies. Sudduth and Hummel (1993a) designed and tested a portable NIR spectrophotometer in the range of 1650 to 2650 nm. They reported that soil reflectance curves obtained with this instrument agreed well with data obtained using a research-grade spectrophotometer. Sudduth and Hummel (1993b) further tested the portable NIR spectrophotometer for quantifying soil organic matter content (SOM), CEC, and moisture content. They reported that laboratory calibrations yielded an R 2 of 0.89 and a standard error of prediction (an error term for prediction performance of the calibration models) of 0.40% organic matter. However, limited in-furrow field tests produced much higher errors due to the movement of soil past the sensor. Ehsani et al. (1999) investigated the possibility of rapidly sensing soil mineral-N content using NIR reflectance and reported that reflectance in the 1800-2300 nm range could be used to determine the nitrate content of soil successfully, although calibration equations were needed for the same field where validation samples were acquired. Ingleby and Crowe (2000) developed linear regression models to predict soil organic carbon content in five Saskatchewan fields and reported that the best model for each field varied in number of regressors and reflectance wavelengths, suggesting that site-specific models may be needed. Shibusawa et al. (1999) developed a real-time portable spectrophotometer for measuring underground soil reflectance in the 400-1700 nm range. They reported that R 2 values between reflectance spectra and soil properties (moisture, pH, EC, SOM, NO 3 -N) ranged from 0.19 to 0.87. Thomasson et al. (2001) investigated the relationships between soil properties and reflectance spectra using samples obtained from two fields in northeastern Mississippi. They reported that only Ca and Mg in one field and clay and pH in the other could be predicted by multiple regression models with R 2 values greater than 0.50. They found that the 400-800 nm and 950-1500 nm regions had high discriminatory power. Hummel et al. (2001) used an NIR soil sensor to predict soil moisture and organic matter content of surface and subsurface soils. Spectral reflectance data in the 1623-2467 nm range were used in stepwise multiple linear regression analysis. They reported that standard errors of prediction for organic matter and soil moisture were 0.62% and 5.31%, respectively.
P

OBJECTIVE
The objective of this research was to develop fundamental relationships between soil properties from representative soil orders in Florida and the spectral characteristics of the soil samples, as a preliminary step toward development of a real-time soil property sensor for use in site-specific crop management. Once a real-time soil sensor system is developed, it will greatly decrease the time and drudgery required for collecting and analyzing soil samples. The sensor system could eventually contribute to efficient water and nutrient management and potentially increase yield and profit, as well as reduce the risks of environmental contamination by excessive nutrients.
MATERIALS AND METHODS
SOIL SAMPLING
Soil samples were collected using a soil sampling auger from fields representative of three predominant soil orders in Florida: Alfisol, Entisol, and Ultisol. Order is the highest level of soil classification categories, and brief technical characteristics of each selected soil order are given below.
Alfisols are soils that have an ochric epipedon (surface layer), an argillic horizon (subsoil with a higher clay content than the layers above), and a moderate to high level of bases (Ca, Mg, K, etc.) . Alfisols range from well-drained soils on ridges and knolls to very poorly drained soils on flats, depressions, and floodplains. Limestone sometimes occurs below the argillic horizons. Alfisols cover an area of approximately 1.9 million ha in the state of Florida.
Entisols are generally young, sandy soils that show little or no development of pedogenic horizons except for ochric epipedons and albic horizons. Entisols are excessively to poorly drained. Entisols cover approximately 3.0 million ha in Florida.
Ultisols are soils that have an argillic or kandic horizon (layer in the subsoil with a higher clay content) and a low level of bases such as Ca, Mg, K, etc. Ultisols are deep soils on upland ridges, rises, and knolls to very poorly drained soils and cover approximately 2.8 million ha in Florida. Soils covered by these three orders are some of the major agricultural production areas in the state, and most of these are well-drained to suit commercial crop production.
Field sites were located at the research farm of the University of Florida Plant Science Research and Education Unit (PSREU) at Citra, Florida. Three specific fields of 2.0 ha each of the three soil orders were selected for our study based on soil mapping as per USDA Classification (Collins, 2000) . The sampling sites were fallow lands, with no agricultural activity during the sampling period. This helped ensure that the study sites were not influenced by any management practices. At each sampling event, 15 sampling points were randomly established for each soil order within each site.
Soil samples were collected at a 0-15 cm depth at each sampling point. Sites were sampled at six different times of the year at approximately one-month intervals between February and August 2001, which assured a wide range of sample variability in sampling times and locations (table 1). These data have been categorized as sets 1, 2, 3, 4, 5, and 6, respectively. A total of 270 samples were collected during this period.
ANALYSIS OF SOIL PROPERTIES
All soil samples were analyzed for pH (soil:water 1:2), soil organic matter, and Mehlich-1 extractable Ca, Mg, P, and K at the UF/IFAS Analytical Research Laboratory in Gainesville, Florida. Soil organic matter was determined by the Walkley-Black method and was expressed as a percentage. For pH, organic matter, and nutrient content, a univariate analysis of variance was performed to distinguish differences among the soil orders. For the analysis of variance, a nested structure was used, where the soil sampling dates were nested within the soil orders. Additionally, coefficient of variation (CV) and range of soil characteristics were calculated.
REFLECTANCE MEASUREMENT
All soil samples were oven dried at 104°C for 24 hours, ground, and sieved with a 0.6 mm sieve in order to remove any effect of particle size before measuring reflectance. Spectral reflectance (R) was measured for all soil samples using a spectrophotometer (model 6500, FOSS NIRSystems, Inc., Silver Spring, Md.) from 400 to 2498 nm with a 2 nm increment. Absorbance for the scanned range was recorded (log[1/R]). A reference scan was measured before each sample was scanned. One reflectance spectrum contained 1050 measurements at 1050 different wavelengths.
SPECTRAL DATA ANALYSIS
The objective of the spectral data analysis was to find an optimal number of factors that would best explain soil properties for different soil orders, and to develop prediction models for the different soil chemical properties analyzed. The data set of 270 samples, 90 for each soil order, was split into a calibration set of 180 randomly selected samples and a validation set with the remaining 90 samples. The selection was randomly stratified by soil order, with each order contributing the same number of samples for both sets, i.e., 60 samples for calibration and 30 samples for validation.
PARTIAL LEAST SQUARES (PLS) REGRESSION ANALYSIS
Partial least squares analysis (PLS) was used to find an optimal number of factors to explain the variability observed (SAS, 1999) . The optimum number of factors for the PLS model was obtained by a cross-validation approach to select the best-fitted model for each soil property (pH, organic matter, P, K, Ca, and Mg). A verification process was performed using regression analysis (PROC GLM) between the actual values and the predicted values from the PLS model. Spectral patterns were established plotting loadings of the first three factors with their respective loadings (Martens and Naes, 1989) . The PLS procedure was developed first in chemometrics to evaluate multivariate data (Martens, 2001; Wold et al., 1983) , and it is an extension of the econometric path modeling established during the 1970s by H. Wold (Wold, 1975) . In situations where there are many independent variables explaining a dependent factor, PLS can be an appropriate multivariate technique to use (Sundberg, 1999) . PLS is a two-step process. The first step is a reduction of matrix dimensions or finding the number of relevant components (Helland, 2001) , and the second step involves identification of latent structure models in the data matrix (Lingaerde and Christophersen, 2000) .
An ordinary least squares procedure is not applicable when one or more columns of the matrix data can be expressed as a linear combination of other data columns of the same matrix, a condition called "collinearity." In such cases of high collinearity, unbiased predictors have high variance, which generally leads to unrealistic regression coefficients (Björkström and Sundberg, 1999) . The PLS technique uses steps to find the best model, using the residual error of each step as an input of the next (Björkström and Sundberg, 1999; Stoica and Söderström, 1998 ). An optimal number of factors is generally obtained by a cross-validation procedure, where the calibration set is submitted to "leave one out" comparisons until the predicted residual sum of squares (PRESS) is at minimum (Sundberg, 1999) . At this point, the model has an optimal number of factors. The PLS procedure is widely used in multivariate calibration (Martens and Naes, 1989) because another goal of the procedure is to take into account the variation in the predictors and improve the prediction of new observations during the validation process (SAS, 1999) . After the unknown structure of the data has been detected with a PLS model, the model can be used to predict new values for a new data set from the same population. The PLS procedure is also a good alternative to the traditional multiple regression analysis and principal component regression because the model parameters obtained by PLS are more robust, which means that the parameters do not change extensively when new calibration samples are submitted to the model (Geladi and Kowalski, 1986) .
Finally, the goodness of fit of the model, observed in the test set, is evaluated with the model:
where S o = observed nutrient content in the test set S p = predicted value with the PLS model selected Ů = error term. Table 2 shows the analysis of variance results and the Tukey test results for separation of means for the data sets obtained at different times, using the nested analysis procedure. Each value in the table is an average of all 90 samples from the same soil order. The samples of Entisol showed a significantly higher pH value than those of the other two soils but with similar coefficient of variation (CV) and range to the other two soil orders. Alfisol soils had higher soil organic matter (OM), with a similar range of values but lower variability than the other two soil orders. Soil P concentrations were significantly higher and varied over a wider range for Alfisols; however, the CV range among the soil orders was closer.
RESULTS AND DISCUSSION
SOIL NUTRIENT ANALYSIS
Concentrations of K were not significantly different among the three soil orders but were slightly higher for the Alfisol samples. The higher variability observed in Ca and Mg resulted in no significant differences between the three soils evaluated, but the Entisol samples tended to have higher Ca and Mg contents. The maximum coefficient of variation was observed for Mg in Ultisol, and the lowest was for pH in Alfisol. The higher range was detected for Ca in Ultisol, with very close values in Entisol. The CV values and ranges in table 2 indicate high variation both within and among soil orders, resulting in a data set that covered a wide range of observations. Figure 1 shows average absorbance curves of different soil orders acquired in February 2001. Soil samples from the three soil orders had similar absorbance characteristics. The figure shows water absorption bands at 1414 and 1928 nm. Since two different detectors were used in the spectrophotometer, there was a discontinuity at 1100 nm in the absorbance measurement.
CHARACTERISTICS OF SOIL ABSORBANCE SPECTRA
PLS MODELS FOR SOIL NUTRIENT CONTENT PREDICTION
The objective of the PLS analysis was to find an optimal number of factors that would best explain the variability among soil properties for different soil orders, and to develop , 1066 , 1450 , 2064 , 2256 426, 940, 1412 , 1912 , 2204 664, 1362 , 1614 , 1746 , 2052 , 2232 OM 512, 1412 , 2036 , 2256 428, 612, 748, 1140 , 1504 , 1914 , 2206 624, 1376 , 1626 , 1816 , 1860 , 2072 , 2278 , 2376 P 522, 1412 , 2036 428, 612, 742, 1100 , 1498 , 1912 , 2206 , 2256 430, 602, 880, 1722 , 1948 , 2066 , 2272 K 522, 1412 , 1722 , 2040 , 2256 428, 690, 740, 1110 , 1502 , 1912 , 2204 444, 828, 1356 , 1604 , 1716 , 1722 , 1916 , 2064 , 2206 Ca 530, 2046 , 2256 418, 612, 742, 1118 , 1412 , 1914 , 2206 626, 1366 , 1622 , 1810 , 2064 , 2234 Mg 530, 2046 , 2256 418, 612, 742, 1124 , 1412 , 1914 , 2206 626, 1368 , 1626 , 1812 , 2066 , 2232 prediction models for the soil properties. Table 3 shows the results for the selection of the optimal number of factors from the PLS process. The PRESS statistic (predicted residual sum of squares) is a result of the cross-validation process carried out to obtain an optimal number of factors in the PLS process (SAS, 1999) and judges the goodness of prediction of the process (Sundberg, 1999) . Lower PRESS values indicate better fit of the model obtained in the PLS process. For this reason, a rule of thumb is to select an optimal number of factors when PRESS is at minimum value. For organic matter, P, K, and Mg, less than 10 factors were necessary to obtain the best PLS model. For pH and Ca, 12 and 20 factors were selected, respectively, indicating probably a more complex interaction with soil color. Table 4 shows the performance of the calibration data set with the PLS procedure. The models for pH, P, Ca, and Mg accounted for more than 79% of the variation observed in the calibration data set, and those for soil organic matter (OM) and K accounted for less than 50% of the variation.
Chemical stability of organic matter is very low in the southeastern U.S. soils due to high temperature and rainfall conditions, resulting in rapid alterations of the decomposition products. As a result, variability in soil organic matter is high, which can explain the lower R 2 obtained in the model. Soil K is highly soluble and mobile, and therefore is subject to high leaching in sandy soils, which resulted in low K concentrations in all the soil orders. The magnitude of leaching is directly influenced by soil texture, which therefore resulted in lower concentrations and higher variability (lower R 2 ) in all the soil orders.
The prediction results with the validation data set (table 5) were very promising for pH, Ca, Mg, and P as they yielded reasonably high R 2 . The good result for P would be very useful in Florida with its unique problem regarding the high P concentration around the Lake Okeechobee drainage basin. The model could be used to predict P concentration in soil by measuring surface reflectance instead of collecting samples from the field and analyzing them in a laboratory.
The variability observed in table 5 for the model validation reflects complexity resulting from both individual and cumulative effects of factors influencing soil color such as sampling times, mineralogy, soil management, etc. The spectroscopic techniques also have their own limitations. confidence limits for predicted values. The R 2 values followed by "**" indicate that the simple linear models are significant at the 0.01 level.
The Alfisol samples showed higher P levels than the other soils (table 2 and fig. 4 ). For this reason, the soil type apparently had a strong influence on the regression obtained for P. The same tendency was observed for organic matter ( fig. 3) . The Entisol and Ultisol samples were well-distributed over the entire range for soil pH ( fig. 2) , whereas the Alfisol samples tended to be lower. For all the other soil characteristics, the sample values were distributed more or less randomly, occupying all the range without any tendency of grouping (figs. 3, 5, 6, and 7) .
Figures 8 through 13 show loading spectra for each soil characteristic for the first three PLS factors. For all soil characteristics, the loadings at all wavelengths for factor 1 seemed to be similar (i.e., a mostly flat line). However, the loadings for factors 2 and 3 varied greatly from wavelength to wavelength for the different soil properties.
Loading spectra from PLS processes have been used to identify relationships between wavelengths and specific characteristics of the samples under study (Martens and Naes, 1989) . It is difficult to link these peaks with chemical or physical soil characteristics that can affect the values of each variable from the current data analysis. However, these peaks contributed to establishing the relationship between spectral patterns and factors that influence soil nutrient concentrations. For example, we have identified peaks for P at 522, 1412, and 2036 nm from factor 1; 428, 612, 742, 1100, 1498, 1912, 2206, and 2256 nm from factor 2; and 430, 602, 880, 1722, 1948, 2066 , and 2272 nm from factor 3. Table 6 summarizes the peaks identified for all the other characteristics under study. More work is necessary to identify the importance of these peaks in the characterization of the useful spectra to find the actual values from soil samples using NIR techniques. It is also important to note that some of those peaks identified can be the result of unidentified noise or interference with other aspects of the sample, including the sampling and preparation of the specimens submitted to analysis.
SUMMARY AND CONCLUSIONS
This study was conducted to find fundamental relationships between chemical properties of soil samples from major soil orders in Florida and their spectral characteristics, as a preliminary step toward a real-time soil property sensor designed for efficient nutrient management on Florida's agricultural farms.
A total of 270 samples were obtained from fields representative of three predominant soil orders in Florida: Alfisol, Entisol, and Ultisol. Field sites were located at the research farm of the University of Florida Plant Science Research and Education Unit (PSREU) at Citra, Florida. Three specific fields of 2.0 ha each of the three soil orders were selected for our study based on soil mapping as per USDA Classification. The sampling sites were fallow lands, with no agricultural activity during the sampling period. At each sampling event, 15 sampling points were randomly established for each soil order within each site. Soil samples were collected at a 0-15 cm depth at each sampling point. Sites were sampled at six different times of the year at approximately one-month intervals between February and August 2001, which assured a wide range of sample variability in sampling times and locations.
All samples were analyzed for their soil characteristics (pH, organic matter content, P, K, Ca, and Mg), and reflectance was measured from 400 to 2498 nm with a 2 nm increment. PLS regression analyses were conducted with 180 randomly selected samples to build prediction models. The remaining 90 samples were used to validate the models. The major findings from this research were: S The mean pH, soil organic matter, and P values among the soil orders were significantly different at the 0.05 level. The mean K, Ca, and Mg values, however, were not significantly different (a = 0.05) among the soil orders. These observations reflected spatial and temporal variability among soil types. S The prediction models developed by the PLS procedure were able to explain more than 79% of the variation observed in the calibration data set for soil pH, P, Ca, and Mg. The models for soil organic matter and K accounted for less than 50% of the variation observed in the calibration data set. S The PLS prediction models accounted for more than 72% of the variation observed in the validation set for soil pH, P, Ca, and Mg. For K and soil organic matter, the models accounted for less than 50% of the variation observed in the validation data set. S Wavelengths were identified from the factors extracted with PLS analysis for different soil properties. Further studies are needed to increase the spectral resolution of each nutrient in different soils. These may be used to develop a soil nutrient sensor for efficient site-specific farming.
